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Abstract 


In this paper, the notion of the interval valued neutrosophic soft sets 
(ivn—soft sets) is defined which is a combination of an interval valued 
neutrosophic sets and a soft sets [30]. Our ivn—soft sets generalizes 
the concept of the soft set, fuzzy soft set, interval valued fuzzy soft set, 
intuitionistic fuzzy soft set, interval valued intuitionistic fuzzy soft set and 
neutrosophic soft set. Then, we introduce some definitions and operations 
on ivn—soft sets sets. Some properties of ivn—soft sets which are con- 
nected to operations have been established. Also, the aim of this paper 
is to investigate the decision making based on ivn—soft sets by level soft 
sets. Therefore, we develop a decision making methods and then give a 
example to illustrate the developed approach. 


Keyword: Interval sets, soft sets, fuzzy sets, intuitionistic fuzzy sets, neu- 
trosophic sets, level soft set. 


1 Introduction 


Many fields deal with the uncertain data may not be successfully modeled by 
the classical mathematics, since concept of uncertainty is too complicate and 
not clearly defined object. But they can be modeled a number of different 
approaches including the probability theory, fuzzy set theory [39], rough set 
theory [33], neutrosophic set theory and some other mathematical tools. 
This theory have been applied in many real applications to handle uncertainty. 
In 1999, Molodtsov [30] succesfully proposed a completely new theory so-called 
soft set theory by using classical sets because its been pointed out that soft sets 
are not appropriate to deal with uncertain and fuzzy parameters. The theory 


is a relatively new mathematical model for dealing with uncertainty from a 
parametrization point of view. 

After Molodtsov, there has been a rapid growth of interest in soft sets and 
their various applications such as; algebraic structures (e.g. [J] [2] [5] [41]), ontol- 
ogy (e.g.[22]), optimization (e.g.[19]), lattice (e.g.[T7] (32) [37]), topology (e.g. [8 
[29] [35]), perron integration, data analysis and operations research (e.g. {30} (31), 
game theory (e.g.[13} [14] [30]), clustering (e.g. [4] [28]), medical diagnosis (e.g. [18] 
[38]), and decision making under uncertainty (e.g.[10) {76} [23]). In recent years, 
many interesting applications of soft set theory have been expanded by embed- 
ding the ideas of fuzzy sets (e.g. {9} [71] (72) [76] (26]), rough sets (e.g. [15]) and 
intuitionistic fuzzy sets (e.g. [20)[25]), interval valued intuitionistic fuzzy (e.g. 
[21] [40]), Neutrosophic (e.g. [24] [27]). 

Intuitionistic fuzzy sets can only handle incomplete information because 
the sum of degree true, indeterminacy and false is one in intuitionistic fuzzy 
sets. But neutrosophic sets can handle the indeterminate information and 
inconsistent information which exists commonly in belief systems in neutro- 
sophic set since indeterminacy is quantified explicitly and truth-membership, 
indeterminacy-membership and falsity-membership are independent. It is men- 
tioned in [86]. Therefore, Maji firstly proposed neutrosophic soft sets with 
operations, which is free of the difficulties mentioned above, in [24]. He also, 
applied to decision making problems in [27]. After Maji, the studies on the 
neutrosophic soft set theory have been studied increasingly (e.g. {6} [7]). 

From academic point of view, the neutrosophic set and operators need to 
be specified because is hard to be applied to the real applications. So the con- 
cept of interval neutrosophic sets which can represent uncertain, imprecise, 
incomplete and inconsistent information was proposed. In this paper, we first 
define interval neutrosophic soft sets (INS-sets) which is generalizes the concept 
of the soft set, fuzzy soft set, interval valued fuzzy soft set, intuitionistic fuzzy 
soft set, interval valued intuitionistic fuzzy soft sets. Then, we introduce some 
definitions and operations of interval neutrosophic soft sets. Some properties 
of INS-sets which are connected to operations have been established. Also, the 
aim of this paper is to investigate the decision making based on interval valued 
neutrosophic soft sets. By means of level soft sets, we develop an adjustable 
approach to interval valued neutrosophic soft sets based decision making and a 
examples are provided to illustrate the developed approach. 

The relationship among interval neutrosophic soft set and other soft sets is 
illustrated as; 


Soft set C Fuzzy soft set 
C Intuitionistic fuzzy soft set (Interval valued fuzzy soft set) 
C Interval valued intuitionistic fuzzy soft set 
C Interval valued neutrosophic soft set 


Therefore, interval neutrosophic soft set is a generalization other each the soft 
sets. 


2 Preliminary 


In this section, we present the basic definitions of neutrosophic set theory [36], 
interval neutrosophic set theory and soft set theory that are useful for 
subsequent discussions. More detailed explanations related to this subsection 


may be found in [6} [7] [9] (21) (24) [27] (36). 


Definition 2.1 [34] Let U be a space of points (objects), with a generic element 
in U denoted by u. A neutrosophic sets(N-sets) A in U is characterized by a 
truth-membership function T4, a indeterminacy-membership function [4 and a 
falsity-membership function F4. Ta(u); Ia(x) and F4(u) are real standard or 
nonstandard subsets of [0,1]. 

There is no restriction on the sum of Ta(u); I4(u) and Fa(u), s0 0 < 
supT 4(u) + supl4(u) + supF4(u) < 3. 


Definition 2.2 [36 Let U be a space of points (objects), with a generic element 
in U denoted by u. An interval value neutrosophic set (IVN-sets) A in U is 
characterized by truth-membership function T4, a indeterminacy-membership 
function I, and a falsity-membership function F4. For each point u € U; Ta, 
Ia and Fa C (0, 1]. 

Thus, a IVN-sets over U can be represented by the set of 


A= {(Ta(u), I4(u), Fa(u))/u: ue UF 


Here, (Ta(u), La(u), Fa(u)) ts called interval value neutrosophic number for all 
u € U and all interval value neutrosophic numbers over U will be denoted by 
IVN(U). 


Example 2.3 Assume that the universe of discourse U = {uy,, uz} where u; and 
characterises the quality, uz indicates the prices of the objects. It may be further 
assumed that the values of ui and ug are subset of [0,1] and they are obtained 
from a expert person. The expert construct an interval value neutrosophic set 
the characteristics of the objects according to by truth-membership function Ta, 
a indeterminacy-membership function I4 and a falsity-membership function Fa 
as follows; 
A = {([0.1, 1.0], [0.1, 0.4], [0.4, 0.7]) /wa, ([0.6, 0.9], [0.8, 1.0], (0.4, 0.6]) /w2} 


Definition 2.4 [36 Let A a interval neutrosophic sets. Then, for all u € U, 
1. A is empty, denoted A = 6, is defined by 
0 = {< [0,0], [1,1], [1,1 > /u:ueU} 
2. A is universal, denoted A = E, is defined by 


E = {< [1,1], [0,0], [0,0] > /u: ue U} 


3. The complement of A is denoted by A and is defined by 


A= {< linfFa(u), supFa(u), [1 — supla(u),1 —infla(u)], 
linfTa(u), supTa(u)] > /u:uEeU} 


Definition 2.5 [36/ An interval neutrosophic set A is contained in the other 
interval neutrosophic set B, ACB, if and only if 


infTa(u) < infTp(u) supl4(u) > supIp(u 
supT4(u) < supTp(u) infFa(u) 2 inf Fp(u) 
infla(u) = infIp(u) supF'4(u) 2 supF’p(u) 


for allueU. 


Definition 2.6 An interval neutrosophic number X = (Tx,Ix,Fx) is larger 
than the other interval neutrosophic number Y = (Ty,Iy,Fy), denoted X<Y, 
if and only if 


infTx <infTy suply > suply 
suply < supTy inf Fx > inf Fy 
inflIx > inflIy supF'x > supFy 


Definition 2.7 [36/ Let A and B be two interval neutrosophic sets. Then, for 
alucU,ae Rt, 


1. Intersection of A and B, denoted by ANB, is defined by 


ANB = {< [min(infT(u), infTp(u)), min(supT(u), supTp(u))], 
[max(infI4(u),infIp(u)), max(supl A(x), supp (u))], 
[max(inf F4(u),infFp(u)),max(supF4(u), supFp(u))] > /u:ue Us 


2. Union of A and B, denoted by AUB, is defined by 


AUB = {< [maz(infT4(u),infTp(u)), max(supT4(u), supT(u)))], 
[min(infIa(u),infIp(u)), min(supla(u), suplp(u))I, 
[min(inf Fa(u),infFe(u)), min(supFa(u), supF'p(u))] > /u: ue US 


3. Difference of A and B, denoted by A\B, is defined by 


A\B = {< [min(infTa(u), inf Fp(u)), min(supT 4(u), supF'p(2))I, 
[max(infI4(u),1— supIg(u)), max(supla(u),1—infIp(u))], 
[max(inf F4(u),infTp(u)), maxr(supF4(u), supTp(u))] > /u: ue US} 


4. Addition of A and B, denoted by A+B, is defined by 
AFB= {< [min(infT4(u) + infTp(u), 1), min(supTa(u) + supTp(u), 1)], 


[min(infLa(u) + infIp(u), 1), min(supLa(u) + supIp(u), 1), 
[min(inf Fa(u) + inf Fp(u),1), min(supF4(u) + supF’p(u),1)] > /u: ue U} 


5. Scalar multiplication of A, denoted by A.a, is defined by 
Aa= {< [min(infT4(u).a, 1), min(supT4(u).a, 1)], 


[min(infI,4(u).a, 1), min(supl,(u).a, 1)], 
[min(inf F4(u).a,1),min(supF'4(u).a,1)] > /u:ueU} 


6. Scalar division of A, denoted by A/a, is defined by 
A/a = {< [min(infT4(u)/a, 1), min(supT4(u)/a, 1)], 


[min(infLa(u)/a, 1), min(supLa(u)/a,1)], 
[min(inf Fa(u)/a,1),min(supF'4(u)/a,1)] > /u: ue Us 


7. Truth-Favorite of A, denoted by AA, is defined by 


AA= {< [min(infT4(u) + infIa(u), 1), min(supT4(u) + supLa(u), 1)], [0, 0], 
linf Fa(u), supF'4(u)] > /w: ue Ut 


8. False-Favorite of A, denoted by VA, is defined by 


VA = {< [infT4(u), supT 4(u)], (0, 0], 


[min(inf Fa(u) + infla(u), 1), min(supF'4(u) + supla(u),1)] > /u: ue U} 


Definition 2.8 [30/ Let U be an initial universe, P(U) be the power set of U, 
E be a set of all parameters and X C E. Then a soft set Fx over U is a set 
defined by a function representing a mapping 


fx : E> P(U) such that fx(@) =Wif «¢é X 


Here, fx is called approximate function of the soft set Fx, and the value fx (x) 
is a set called x-element of the soft set for alla € E. It is worth noting that the 
sets is worth noting that the sets fx (x) may be arbitrary. Some of them may be 
empty, some may have nonempty intersection. Thus, a soft set over U can be 
represented by the set of ordered pairs 


Fx = {(a, fx(#)): € E, fx(x) € PU)} 


Example 2.9 Suppose that U = {u1, ue, us, U4, Us, Ue} ts the universe contains 
six house under consideration in an real agent and E = {x1 = cheap,x2 = 
beatiful, x3 = greensurroundings, x4 = costly, vs = large}. 

A customer to select a house from the real agent. then, he can construct a 
soft set Fx that describes the characteristic of cars according to own requests. 
Assume that fx(a1) = {u1, uz}, fx (2) => {ur}, fx (a3) = 0, fx (x4) = UW, 
{u1, U2, uz, Ua, U5} then the soft-set Fx is written by 


Fx = {(21, {u1, u2}), (x2, {u1, U4, U5, ue}), (xa, U), (5, {u1, U2, Us, UA, us })} 


The tabular representation of the soft set Fx is as follow: 


Table 1: The tabular representation of the soft set Fx 


Definition 2.10 Let U = {u1, Ue,...,uz} be an initial universe of objects, 
E = {21,£2,...,Um} be a set of parameters and Fy be a soft set over U. For any 
x; € E, fx(ax;) is a subset of U. Then, the choice value of an object u; € U is cj, 
given by cg = Py, hij, where ui; are the entries in the table of the reduct-soft-set. 
That is, 

1, wee fx (xj) 


ee { 0, ui ¢ fx(e;) 
Example 2.11 Consider the above Example[2.9 Clearly, 


gq = ; U1lgj = 4, 
j=l 
5 5 
c3 = Cg = ) h3j = ) hej = 2, 
j=l j=1 
5 5 5 
e=a=c =) hoy = 5 hay =5 hsj = 
j=1 j=l j=l 


Definition 2.12 70) Let Fx and Fy be two soft sets. Then, 


1. Complement of Fx is denoted by Fo, Its approximate function fxe(x) = 
U\ fx(«) forallaeck 


2. Union of Fx and Fy is denoted by FxUFy. Its approximate function 
for, 1 defined by 


feoy (x) = fx(a) Ufy(a) for alla € E. 


3. Intersection of Fx and Fy is denoted by FxAFy. Its approximate function 


fyay 18 defined by 


fray (x) = fx(a)N fy(a) for alla € E. 


3 Interval-valued neutrosophic soft sets 


In this section, we give interval valued neutrosophic soft sets (ivn—soft sets) 
which is a combination of an interval valued neutrosophic sets[36] and a soft 
sets[30]. Then, we introduce some definitions and operations of tun—soft sets 
sets. Some properties of tvn—soft sets which are connected to operations have 


been established. Some of it is quoted from [6} [7] [10] [9] [21] (24) (27) [36]. 


Definition 3.1 Let U be an initial universe set, IVN(U) denotes the set of all 
interval valued neutrosophic sets of U and E be a set of parameters that are 
describe the elements of U. An interval valued neutrosophic soft sets(ivn-soft 
sets) over U is a set defined by a set valued function TK representing a mapping 


uK: E> IVN(U) 
It can be written a set of ordered pairs 
Tr ={(a,vK(x)): a © E} 


Here, ux, which is interval valued neutrosophic sets, is called approximate func- 
tion of the ivn-soft sets Tx and ux (2x) is called x-approximate value of x € E. 
The subscript K in the ux indicates that uK is the approximate function of TK. 

Generally, uk, UL, Um,--. will be used as an approximate functions of Tx, 
Yr, Yu, ..., respectively. 


Note that the sets of all iun-soft sets over U will be denoted by IVNS(U). 
Now us give the following example for vn-soft sets. 


Example 3.2 Let U = {u1,u2} be set of houses under consideration and E 
is a set of parameters which is a neutrosophic word. Consider E = {x1 = 
cheap, x2 = beatiful,x«3 = greensurroundings, x4 = costly,xz5 = large}. In 
this case, we give an (iun-soft sets) TK over U as; 


Table 1: The tabular representation of the ivn-soft set TK 


Definition 3.3 Let Ye € IVNS(U). If vx(x) = 0 for all x € E, then N is 
called an empty ivn-soft set, denoted by 0. 


Definition 3.4 Let Te €IVNS(U). If ux(x) = E for all x € E, then Vx is 
called a universal ivn-soft set, denoted by Tr... 
E 


Example 3.5 Assume that U = {u1,u2} is a universal set and E = {#1, x2, 23, 
x4,05} is a set of all parameters. Consider the tabular representation of the TG 
is as follows; 


Table 2: The tabular representation of the ivn-soft set 


The tabular representation of the Tz is as follows; 


Table 3: The tabular representation of the ivn-soft set YT? 


Definition 3.6 Let Tx, Tr € IVNS(U). Then, VK is an ivn-soft subset of 
Tz, denoted by VkCT 1, tf vK(x)Cuz(«) for alla € E. 


Example 3.7 Assume that U = {u1,u2} is a universal set and E = {21, x2, 23, 
x4, 25} is a set of all parameters. Consider the tabular representation of the Tx 
is as follows; 


Table 4: The tabular representation of the ivn-soft set TK 


The tabular representation of the Tz, is as follows; 


Table 5: The tabular representation of the ivn-soft set Tr 
Clearly, by Definition[Z.G] we have TY «CY p. 


Remark 3.8 Teel: does not imply that every element of TK is an element 
of Tz as in the definition of the classical subset. 


Proposition 3.9 Let Tx,Y1, Tu € IVNS(U). Then, 
1. TKCYs 
2. ToT K 


3. TkCTxK 
4. TCT, and TpCTm > TrCYm 


Proof 3.10 They can be proved easily by using the approximate function of the 
iun-soft sets. 


Definition 3.11 Let Tx,T, © IVNS(U). Then, TK and Tr are ivn-soft 
equal, written as Te=YT 1, if and only if uK (x) = vz(a) for alla € E. 


Proposition 3.12 Let TxK,Y1,Tm €IVNS(U). Then, 
1. Vk=YTr and Yr =Yu Se Tx=Tmu 
2. TKCYz and YC Ke OTK =Tr 

Proof 3.13 The proofs are trivial. 


Definition 3.14 Let Tk ¢ IVNS(U). Then, the complement te of Tk is an 
iun-soft set such that 


ve-(a) =UxK(«), for alla € E. 


Example 3.15 Consider the above Example [3-4 the complement re of TK 
can be represented into the following table; 


Table 6: The tabular representation of the ivn-soft set T% 
Proposition 3.16 Let Tk ¢ IVNS(U). Then, 


1. (T$)°=Tx 


2 T= Te 
3 bee 


Proof 3.17 By using the fuzzy approximate functions of the ivn-soft set, the 
proofs can be straightforward. 


Theorem 3.18 Let Tx €IVNS(U). Then, VeCT, & YECT% 


Proof 3.19 By using the fuzzy approximate functions of the ivn-soft set, the 
proofs can be straightforward. 


Definition 3.20 Let Tk,Y, € IVNS(U). Then, union of Tx and Tz, de- 
noted TKOY 1, is defined by 


Vidz (*) -_ vK(z)Uvuz(z) for alla € E. 


Example 3.21 Consider the above Example the union of Tx and T_, 
denoted YOY 1, can be represented into the following table; 


Table 7: The tabular representation of the ivn-soft set TUT, 


Theorem 3.22 Let Yx,Y, € IVNS(U). Then, TOY 1 is the smallest ivn— 
soft set containing both YK and Ty. 


Proof 3.23 The proofs can be easily obtained from Definition [3.201 
Proposition 3.24 Let TK,Y1,Tum €IVNS(U). Then, 

1. TxOTx =TxK 

2. TROT, =TK 

3. TOs =Tz 


2°02 = Tz 
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5b. (YROY,)OY yy = YxO(T,OT yz) 
Proof 3.25 The proofs can be easily obtained from Definition [3.20] 


Definition 3.26 Let TYx,Tr, © IVNS(U). Then, intersection of Tx and Tz, 
denoted VAY 1, is defined by 


Ver, (£) =vK(z)Nuz(a) for all x € E. 


Example 3.27 Consider the above Example [3.7 the intersection of TK and 
Y,, denoted VeAY 1, can be represented into the following table; 


Table 8: The tabular representation of the ivn-soft set TKNYL 


Proposition 3.28 Let Yx,Y, € IVNS(U). Then, TRAY, is the largest 
iun— soft set containing both TK and Tr. 


Proof 3.29 The proofs can be easily obtained from Definition [3.26 
Proposition 3.30 Let Tk,Y1, Tm € IVNS(U). Then, 
1. TeAhite=Tr 
2. TRAY a Tt 
3. TKAz =TK 
4. KAY, = VLA Kx 
5. (LYRA LAY uM = VKA(TLAY wy) 
Proof 3.31 The proof of the Propositions 1- 5 are obvious. 
Remark 3.32 LetTx © IVNS(U). IfTK Fz ie. or Tk # Ta, then te0re # 
YR and TeAry Z YS: 
Proposition 3.33 LetTK,YT, €¢IVNS(U). Then, De Morgan’s laws are valid 
1. (TeOT,)° = TEATe 


2. (TxAYz)* = T¢0YS. 
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Proof 3.34 The proofs can be easily obtained from Definition[3.14| Definition 
and Definition [3.26 


Proposition 3.35 Let TK,Y1,Tum € IVNS(U). Then, 


KO(TrAT mu) = (YeOTL)A(T KOT) 
KA(TLOV a) = (PAT LOT RAL a) 
KO(YKNAYL) = Tr 

4. TkA(YxKOYL) = Tx 


Proof 3.36 The proofs can be easily obtained from Definition[3.20] and Defini- 
tion [3.26] 


Definition 3.37 Let TxK,T, © IVNS(U). Then, OR operator of TK and Tr, 
denoted TxK\/T 1, is defined by a set valued function To representing a mapping 


vo: Ex E> IVN(U) 


where 
vo(2,y) = uK(x)Uuz(y) for all (a,y) € Ex E. 


Definition 3.38 Let Tk,Yr, © IVNS(U). Then, AND operator of TK and 
Tr, denoted Ter, ts defined by is defined by a set valued function Ta 


representing @ mapping 
va: Ex E> IVN(U) 


where 
va(x,y) = UK(z)Nuz(y) for all (z,y) € Ex E. 


Proposition 3.39 Let TK,Y1,Tm €IVNS(U). Then, 
tte Ta) 3G AY, 
2. (YxATz)° = TZ VTS. 
e (fei Vles Tey lw 
4. (TKATL)ATM = TeACCLAT™) 
Proof 3.40 The proof of the Propositions 1- 4 are obvious. 


Definition 3.41 Let Th,YT, € IVNS(U). Then, difference of Tx and Tr, 
denoted Tx\Tr, is defined by 


Ue) = v«(x)\uz (2) for alla € E. 
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Definition 3.42 Let Tx,T, € IVNS(U). Then, addition of Tx and T_, 
denoted TK+Y 1, 1s defined by 


Ugg (x) = ve(z)+uz(x) for alla € E. 
Proposition 3.43 Let Tk,Y1,Tu € IVNS(U). Then, 
1. Vx(x)¥V1(2)=V 1 (2) FT Ke (2) 
2. (Yx(e)FV1(2)) FT 1(2) = Tx(x)+(T1(2)F¥ 1(2)) 
Proof 3.44 The proofs can be easily obtained from Definition[3.42, 


Definition 3.45 Let Tk € IVNS(U). Then, scalar multiplication of TK, 
denoted aXY x, is defined by 


axTx =auK forallxe E. 
Proposition 3.46 Let Tk,Y1,Tum € IVNS(U). Then, 
1. Ve(x)XTz(x)=T 1 (2) XT (2) 
2. (Ve(x)XTz(x))X Vz (x) = Vx(x)X (Tr (2) XT 1(2)) 
Proof 3.47 The proofs can be easily obtained from Definition |3.45} 


Definition 3.48 Let Tk € IVNS(U). Then, scalar division of Tx, denoted 
TxK/a, is defined by 


Tx/a = Tea for alla € E. 


Example 3.49 Consider the above Example|3.7 for a =5, the scalar division 
of Tx, denoted Tx /5, can be represented into the following table; 


(0.1, 0.14], [0.16, 0.18], [0.04,0.1])  ({0.06, 0.12}, [0.15, 0.18], [0.04, 0.16)) 


( ) 
({0.0, 0.06], (0.12, 0.16], [0.16,0.18])  ({0.02, 0.16], (0.16, 0.18], [0.15, 0.25]) 
[ 


(0.04, 0.08], (0.14, 0.18], [0.12,0.18]) (0.15, 0.18}, (0.12, 0.18], (0.06, 0.18]) 
({0.0, 0.04], [0.2, 0.2], (0.2, 0.2]) ({0.0, 0.05], (0.18, 0.2], [(0.04, 0.18]) 


I, | 
1, [ 
(0.02, 0.14], (0.08, 0.1], (0.16,0.18]) {0.04 0.1], (0.1, 0.14], (0.12, 0.16]) 
Al 
Al 


Table 9: The tabular representation of the ivn-soft set pene 


Definition 3.50 Let Tk € IVNS(U). Then, truth-Favorite of Tx, denoted 
AY k, is defined by 7 7 
ATK =AvK forallxe E. 
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Example 3.51 Consider the above Example[3.7, the truth-Favorite of TK, de- 
noted AY x, can be represented into the following table; 


Table 10: The tabular representation of the ivn-soft set Atk 


Proposition 3.52 Let Tek,YT, € IVNS(U). Then, 
1. AAYK =AYxK 
9. A(YxOTK)CAT KOAT x 
8. A(L KAY K)CAT RAAT x 
4. A(L KFT x) = ATKFATR 


Proof 3.53 The proofs can be easily obtained from Definition[8.20, Definition 
[3.26] and Definition [3.50] 


Definition 3.54 Let Tk € IVNS(U). Then, False-Favorite of Tx, denoted 
VI x, is defined by Z 7 
VlK=VvuK forallx ek. 


Example 3.55 Consider the above Example[3.7, the False-Favorite of TK, de- 
noted VY x, can be represented into the following table; 


Table 11: The tabular representation of the ivn-soft set TV K 


Proposition 3.56 Let Tek,YT, ¢ IVNS(U). Then, 
1. JVTKEVTK 
WitRUY icy lel be 


Teele ts 


~ wW ew 


. WKF x) = VTKtVT x 
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Proof 3.57 The proofs can be easily obtained from Definition[3.20, Definition 
and Definition 


Theorem 3.58 Let P be the power set of all iun— soft sets defined in the 
universe U. Then (P,A,0) is a distributive lattice. 


Proof 3.59 The proofs can be easily obtained by showing properties; idempo- 
tency, commutativity, associativity and distributivity 


4 ivn—soft set based decision making 


In this section, we present an adjustable approach to iun—soft set based decision 
making problems by extending the approach to interval-valued intuitionistic 
fuzzy soft set based decision making. [40]. Some of it is quoted from 


[36] [40}. 


Definition 4.1 Let Tk € IVNS(U). Then a relation form of Tx is defined 
by 
Reg = {lrg (0,)/(0,0)) : reg (tt,u) € IVN(U),# € Bu € U} 
where 
ry, : ExU 4 IVN) and ry, (£,u) = vK(2)(u) for alla €¢ E anducU. 
That is, Ty x (@,U) = UK(e)(u) is characterized by truth-membership function 


TK, aindeterminacy-membership function Ix and a falsity-membership function 
Fx. For each point x € E andu € U; Ta, I4 and Fy C (0,1). 


Example 4.2 Consider the above Example[3.7 then, rv. (x,u) = UK(a)(u) can 
be given as follows 


UK(2)(u1) = ((0.6, 0.8], [0.8, 0.9], (0.1, 0.5)), 
UK(2) (U2) = ([0.5, 0.8], [0.2, 0.9], [0.1, 0.7]), 
UK (22) (t1) = ([0.1, 0.4], [0.5, 0.8], [0.3, 0.7]), 
UK (02) (t1) = ([0.1, 0.9], [0.6, 0.9], [0.2, 0.3]), 
UK (2s) (U1) = ((0.2, 0.9], [0-1, 0.5], [0.7, 0.8)), 
UK (25) (U2) = ([0.4, 0.9], [0-1, 0.6], [0.5, 0.7]), 
UK(24)(u1) = ([0.6, 0.9], [0.6, 0.9], [0.6, 0.9]), 
UK (24) (U2) = ([0.5, 0.9], [0.6, 0.8], [0.1, 0.8)), 
UK (a5 (u1) = ( 0.0, 0.9 ; 1.0, 1.0 ; 1.0, 1.0 5 
UK (a5) (U2) = ([0.0, 0.9}, [0.8, 1.0], [0.2, 0.5]). 


Zhang et al.{40] introduced level-soft set and different thresholds on different 
parameters in interval-valued intuitionistic fuzzy soft sets. Taking inspiration 
these definitions we give level-soft set and different thresholds on different pa- 
rameters in tun—soft sets. 


Definition 4.3 Let Tx € IVNS(U). For a,8,7 © [0,1], the (a, 8,7)-level 
soft set of Tx is a crisp soft set, denoted (TK;< a,B,y >), defined by 
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(Tx; < a, B,y >) = {(ai, {uig : vig € U, w(uiy) = 1}) s a € B} 
where, 
a ce a (a, B, Y)SvK(a,) (us) 
pug) = { 0, others 
for all u; € U. 


Obviously, the definition is an extension of level soft sets of interval-valued 
intuitionistic fuzzy soft sets [40]. 


Remark 4.4 In Definition |4.3| a = (a1,a2) C [0,1] can be viewed as a given 
least threshold on degrees of truth-membership, 8 = (81,62) © [0,1] can be 
viewed as a given greatest threshold on degrees of indeterminacy-membership 
and y = (1,72) © [0,1] can be viewed as a given greatest threshold on degrees of 
falsity-membership. If (a, B, Y)<vK(@)(u), it shows that the degree of the truth- 
membership of u with respect to the parameter x is not less than a, the degree of 
the indeterminacy-membership of u with respect to the parameter x is not more 
than y and the degree of the falsity-membership of u with respect to the parameter 
x is not more than 8. In practical applications of inv—soft sets, the thresholds 
a, B, y are pre-established by decision makers and reflect decision makers re- 
quirements on truth-membership levels, indeterminacy-membership levels and 
falsity-membership levels, respectively. 


Example 4.5 Consider the above Example[3.7 
Clearly the ([0.3, 0.4], [0.3, 0.5], [0.1, 0.2])-level soft set of Tx as follows 


(YK; < [0.3, 0.4], [0.3, 0.5], (0.1, 0.2] >) = {(a1, {ur}), (wa, {u1, u2})} 


Note 4.6 In some practical applications the thresholds a,(,y decision mak- 
ers need to impose different thresholds on different parameters. To cope with 
such problems, we replace a constant value the thresholds by a function as the 
thresholds on truth-membership values, indeterminacy-membership values and 
falsity-membership values, respectively. 


Theorem 4.7 Let Tx,YT, ¢ IVNS(U). Then, 


1. (YK; < a1, 81,91 >) and (TK; < a2, 82,42 >) are < a1, 61,91 >-level soft 
set and < a2, Bz, y2 >-level soft set of TK, respectively. 
If < a2, 82,72 > << a1, 81,71 >, then we have 
(YK; < a1, B1,%1 >)E(VK; < a2, Bo, >). 


2. (TK; < a,8,y >) and (T1;< a,8,y7 >) are < a,B,y-level soft set TK 
and Tz, respectively. 


If VkCY x, then we have (YK; < a, 8,y >)C(T1;< 0, 8,7 >). 


Proof 4.8 The proof of the theorems are obvious. 
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Definition 4.9 Let Tk € IVNS(U). Let an interval-valued neutrosophic set 
<a,B,y >r~: A > IVN(U) in U which is called a threshold interval-valued 
neutrosophic set. The level soft set of Tx with respect to < a,B,y >r, is a 
crisp soft set, denoted by (YK;<a,6,y >r,), defined by; 


(TK; < 0,B,Y >) = (2s, (uaz uaz € U, w(uig) = 1}) : wi € E} 


where, 


ee ee 1, = Oy Y>r (vi) <UK (w ju uj) 
wus) = { 0, others = 


for allu; €U. 


Obviously, the definition is an extension of level soft sets of interval-valued 
intuitionistic fuzzy soft sets [40]. 


Remark 4.10 In Definition|4.9| a = (a1, a2) C [0,1] can be viewed as a given 
least threshold on degrees of truth-membership, 8 = (81,62) © [0,1] can be 
viewed as a given greatest threshold on degrees of indeterminacy-membership 
and y = (71,72) © [0,1] can be viewed as a given greatest threshold on degrees 
of falsity-membership of u with respect to the parameter x. 

If<a,8,Y > (xi)<UK(@:) (u) it shows that the degree of the truth-membership 
of u with respect to the parameter x is not less than a, the degree of the 
indeterminacy-membership of u with respect to the parameter x is not more than 
y and the degree of the falsity-membership of u with respect to the parameter x 
is not more than £. 


Definition 4.11 Let Tx ¢ IVNS(U). Based on T x, we can define an interval- 
valued neutrosophic set < a, B,y >¢2: A— IVN(U) by 


<a, B,y ye. | Xi) => UK(a:)(u)/|U| 
ucU 


for alla ce E. 


The interval-valued neutrosophic set < a, 3,7 > is called the avg-threshold 
of the ivn—soft set Tx. In the following discussions, the avg-level decision 
rule will mean using the avg-threshold and considering the avg-level soft set in 
iun—soft sets based decision making. 

Let us reconsider the ivn—soft set Tx in Example [B.7] The avg-threshold 
<a,B,y >ye of Y x is an interval-valued neutrosophic set and can be calculated 
as follows: 


<a, 8, >28 (a1) = Sexe u;)/|U| = ({0.55, 0.8], (0.5, 0.9], (0.1, 0.6]) 


<a, B,y >48 (a2) = Seen u;)/|U| = (0.1, 0.65], (0.55, 0.85], (0.25, 0.5]) 
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< a, 8,7 > (as) = S vx u;)/|U| = ({0.15, 0.9], (0.1, 0.55], [0.6, 0.75]) 
<a, 8,7 >¥2 (aa) = Sexe u;)/|U| = ((0.55, 0.9], [0.6, 0.85], (0.35, 0.85]) 


<a, 8,7 >23 (as) = Sex (ui) /|U| = ({0.0, 0.9], [0.9, 1.0], [0.6, 0.75]) 


Therefore, we have 


<a,B,y>¢2= {([0.55, 0.8], (0.5, 0.9], (0.1, 0.6]) /a1, ([0.1, 0.65], (0.55, 0.85], 
0.25, 0.5]) /aa, ([0.15, 0.9], [0.1, 0.55], [0.6, 0.75]) /x3, ([0.55, 0.9], 
[0.6, 0.85], [0.35, 0.85]) /xa, ([0.0, 0.9], [0.9, 1.0], [0.6, 0.75]) /x5} 


Example 4.12 Consider the above Example|3.7 Clearly; 


(La3< 0, 8,7 >yZ) = {(as, {u2})} 


Definition 4.13 Let Tx © IVNS(U). Based on Tx, we can define an interval- 
valued neutrosophic set < a, 3,7 ee ale A>IVN(U) by 


<a,B,y> HE" = {< [matueu {in flo x¢.,)(u) bs Matucu {SUPT e¢2, (uw HH 
[minuev tin floc.) Gib Mirue {SUPLorcce,) (u)}], 
[minueu {inf Force.) (uw) ts MiNucu {SUPP g¢.,(u) }] > / vi: vi € E} 


The interval-valued neutrosophic set < a, 8,7 So is called the max-min- 
min-threshold of the tvn—soft set Tx. In what fale the Mmm-level decision 
rule will mean using the max-min-min-threshold and considering the Mmm-level 
soft set in tun—soft sets based decision making. 


Definition 4.14 Let Tx © IVNS(U). Based on Tx, we can define an interval- 
valued neutrosophic set < a, B,7 ae A> IVN(U) by 


<a,B,y> HY = {< [matuer {in fT ox ¢,)(u) $s MALucy {SUPT ¢¢2,)(u) Hh 
[minuev Lin flor.) (ut Mirue {SUPLo ce.) (u)}], 
[minuev inf Force) (w) ts Minucv {SUPP x¢,,(u)}] > /Bi: vi € E} 


The interval-valued neutrosophic set < a, 8,7 >*/ — ™ is called the max-max- 


max-threshold of the tvn—soft set Tx. In what follows the MMM-level decision 
rule will mean using the max-max-max-threshold and considering the MMM- 
level soft set in tvn—soft sets based decision making. 


Definition 4.15 Let Tx © IVNS(U). Based on Tx, we can define an interval- 
valued neutrosophic set < a, B,y >Y"™: A+ IVN(U) by 


<a,By> FE" = {< [matuev (in fT ox ¢.,)(u)} Matueu {SupTy ¢(,,)(u) $s 
[Minuet {Nf lore, y(u) }> Minueu {SUplo gc, (ut); 
[minuev {inf Po jecey(u)}»Minueu {8UPFyc,,)(u)t] > /vis Bi € E} 
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The interval-valued neutrosophic set < a,8,y >77"™ is called the min-min- 


min-threshold of the iun—soft set Tx. In what follows the mmm-level decision 
rule will mean using the min-min-min-threshold and considering the mmm-level 
soft set in tun—soft sets based decision making. 


Theorem 4.16 Let Tx € IVNS(U). Then, (YK;< a,8,7 >¥2), (TK < 

a, B,y oS; (Te 69S pe Ke Oy > )) are the avg- 
level soft set, Mmm-level soft set, mmm-level soft set, MMM-level soft set of 
Tr €IVNS(U), respectively. Then, 


L(V SO By See Vea hey >72) 
Br eee Barn CTs. Ba) 
(RS OL TOC ig Sa ee een) 
Proof 4.17 The proof of the theorems are obvious. 
Theorem 4.18 Let Tx,YT, © IVNS(U). Then, 


1. Let < a4,f1,71 >r_~ and < a2, 82,72 >r, be two threshold interval- 
valued neutrosophic sets. Then, (YK3< a1,81,%1 >r,) and (TK;< 


a2, 82,2 >) are < a1, /1, 71 >1x-level soft set and < a2, 82,72 >1K«- 
level soft set of Tx, respectively. 


If < a2, 82,72 >1e << 01, 61,11 >rx, then we have 
(TK < ay, S41, 71 >rK)E (TK3< a2, 82,7 2 >rK«): 


2. Let <a,h,y >r,x be a threshold interval-valued neutrosophic sets. 


Then, (YK;3< a,8,y >r,) and (T1;< a, 6,7 >r,%) are < a, 8,7y-level 
soft set Tx and Tz, respectively. 


If VC x, then we have (VK3< a, 8,Y >rg)C(V 1; < a, B,Y >r x): 
Proof 4.19 The proof of the theorems are obvious. 


Now, we construct an tun—soft set decision making method by the following 
algorithm; 
Algorithm: 


1. Input the ivn—soft set Tx, 


2. Input a threshold interval-valued neutrosophic set < a,8,y >y2 (or 


< a, B,y >4r™, < a, By >B™, < a, By >H™) by using avg- Pleyel 
decision rule ‘(or Mmm-level, mmm-level and MMM-level decision rule) 
for decision making. 


3. Compute avg-level soft set (Tx; < a, 8,7 >¥2) (or((TK; < a, 6,7 >4r™ 
Y; (Tx; < a, B, Y >emm), (TR; <a Prey ny SMM)) 
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4. Present the level soft set (Tx; < a,8,7 >¥2) (or((YK; < a, 8,7 >4™ 
) (Tx; < 0,8, y >4™), (TK; < a, 8,7 >4{0"™)) in tabular form, 


5. Compute the choice value c; of u; for any u; € U, 


6. The optimal decision is to select ux, if ch = Maru,cuG- 


Remark 4.20 Ifk has more than one value then any one of uz, may be chosen. 

If there are too many optimal choices in Step 6, we may go back to the second 
step and change the threshold (or decision rule) such that only one optimal 
choice remains in the end. 


Remark 4.21 The aim of designing the Algorithm is to solve ivn—soft sets 
based decision making problem by using level soft sets. Level soft sets construct 
bridges between iun—soft sets and crisp soft sets. By using level soft sets, we 
need not treat ivun—soft sets directly but only cope with crisp soft sets derived 
from them after choosing certain thresholds or decision strategies such as the 
mid-level or the topbottom-level decision rules. By the Algorithm, the choice 
value of an object in a level soft set is in fact the number of fair attributes which 
belong to that object on the premise that the degree of the truth-membership 
of u with respect to the parameter x is not less than truth-membership levels, 
the degree of the indeterminacy-membership of u with respect to the parame- 
ter x is not more than indeterminacy-membership levels and the degree of the 
falsity-membership of u with respect to the parameter x is not more than falsity- 
membership levels. 


Example 4.22 Suppose that a customer to select a house from the real agent. 
He can construct a iun—soft set Tx that describes the characteristic of houses 
according to own requests. Assume that U = {u1,u2,u3, U4, Us, Ue} is the uni- 
verse contains six house under consideration in an real agent and E = {a = 
cheap, x2 = beatiful, x3 = greensurroundings, x4 = costly, v5 = large}. 

Now, we can apply the method as follows: 
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1. Input the ivn—soft set Tr as, 


Table 12: The tabular representation of the ivn-soft set oY K 
2. Input a threshold interval-valued neutrosophic set < a, 8,7 >ye by using 
avg-level decision rule for decision making as; 
<a,8,y> ee = {([0.41, 0.76], [0.56, 0.9], (0.18, 0.63]) /a1, ([0.31, 0.7], (0.46, 0.66], 


(0.31, 0.58]) /ara, ([0.41, 0.8], (0.21, 0.53], (0.61, 0.76]) /zs, ([0.45, 0.81], 
(0.61, 0.86], (0.45, 0.86])/2a, ({0.25, 0.65], (0.7, 0.9], [0.61, 0.76])/2s} 


3. Compute avg-level soft set (TK; < a, 8,7 >7Z) as; 


(Tx; <a, By >r) = {(x2, {us}), (x3, {ua}), (x4, {ue}, (x5, {us})} 


4. Present the level soft set (YK;< a,8,y7 >72) in tabular form as; 


Table 13: The tabular representation of the soft set Fx 
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5. Compute the choice value c; of u; for any u; € U as; 


6. The optimal decision is to select ug since cz = MAXy, cu Ci. 


Note that this decision making method can be applied for group decision making 
easily with help of the Definition [3.37] and Definition B.38] 


5 Conclusion 


In this paper, the notion of the interval valued neutrosophic soft sets (tvn—soft 
sets) is defined which is a combination of an interval valued neutrosophic sets[36] 
and a soft sets|30}._ Then, we introduce some definitions and operations of 
iun—soft sets sets. Some properties of zvn—soft sets which are connected to 
operations have been established. Finally, we propose an adjustable approach 
by using level soft sets and illustrate this method with some concrete examples. 
This novel proposal proves to be feasible for some decision making problems 
involving ivn—soft sets. It can be applied to problems of many fields that 
contain uncertainty such as computer science, game theory, and so on. 
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